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 Abstract
Antimicrobial resistance (AMR) has emerged as one of the most pressing global public health challenges, reducing the effectiveness of existing antimicrobial treatments and increasing the burden of infectious diseases worldwide. The development of resistance is driven by complex ecological interactions, genetic transfer, and adaptive biochemical processes within microbial communities. However, current gene-based analyses alone are insufficient to fully explain these mechanisms, necessitating a broader investigation of biochemical pathways and molecular networks involved in resistance regulation. This study explores the potential of Artificial Intelligence (AI) in advancing the understanding of AMR through the analysis of large-scale microbiome and multi-omics datasets. Machine learning, deep learning, and network-based modeling approaches are considered for their ability to detect hidden biological patterns, predict resistance-associated pathways, and model microbial ecosystem behavior.AI-based approaches demonstrate significant potential in transforming AMR research from traditional descriptive analysis to predictive and interpretive modeling. These methods enhance the ability to identify resistance mechanisms, forecast evolutionary trends, and improve the understanding of microbial interactions at a systems level. Despite these advantages, challenges such as data quality limitations, lack of model interpretability, inadequate standardization, and unequal access to computational resources remain significant barriers. Ethical concerns related to data governance and clinical implementation must also be addressed. Future advancements in explainable AI, integrated multi-omics analysis, and robust computational frameworks are expected to improve predictive accuracy and support better diagnostic and treatment strategies. These developments hold strong potential for strengthening global efforts against antimicrobial resistance.
Keywords: Microbial communities, resistance mechanisms, precision medicine, explainable artificial intelligence, systems biology, biochemical pathways and pathway prediction, artificial intelligence, antimicrobial resistance, microbial analysis of the microbiome, multi-omics integration and machine learning.
1. Introduction
Antibiotic resistance is one of the greatest biological and public health threats of the twenty-first century(CDC, 2025). The general and often inappropriate use of antimicrobial agents in clinical medicine, animal husbandry, and environmental systems has led to the emergence of multidrug-resistant microorganisms, which are resistant to many different medications(Abate & Birhanu, 2025). Once easily controlled pathogens are now becoming multi-drug resistant, thus decreasing the number of treatments available, lengthening illness, increasing mortality, and increasing health care expenses(Ahmed et al., 2024; CDC, 2025). In addition to the clinical impact, the problem of antimicrobial resistance poses a major public health challenge due to the necessity of effective infection control in many clinical procedures, including cancer treatment, surgery, and organ transplantation.
One of the main challenges of resistance research is the study of microorganisms as individual species, when they actually occur mostly in complex microbial communities in natural and clinical settings. Microbial species in polymicrobial systems, such as the gut microbiome, wastewater, and chronic wounds, compete, cooperate, and engage in metabolite exchange(CDC, 2026). Such interactions can lead to the development of resistance by horizontal gene transfer, shared detoxification pathways, and biofilm formation. Importantly, there is a need to understand antibiotic resistance beyond the identification of the resistance genes. Resistance is also influenced by biochemical pathways that mediate metabolism, stress adaptation, transport systems, and cell survival(Martínez & Rojo, 2011). Microorganisms are frequently able to withstand or resist antimicrobial stress through metabolic rewiring, redox regulation, and concerted signaling networks(Baweja et al., 2025). Hence, the level of pathway analysis is more than what gene-centered approaches can provide in understanding resistance evolution.
The increasing amount of genomics, transcriptomics, proteomics, metabolomics, and metagenomics data offers unparalleled opportunities for studying these systems, but it can also be a challenge to process the complexity of data that is multi-layered(Sibilio et al., 2025; Vitorino, 2024). AI provides a strong framework to connect multiple types of data and reveal non-linear relationships and interactions in microbial communities(Alakilli et al., 2026). AI can enhance the prediction of biochemical pathways in antibiotic resistance using machine learning, deep learning, and network-based modeling(Bilal et al., 2025a).
[bookmark: _GoBack]This review contrasts with most current antimicrobial resistance reviews that are largely based on the detection of antimicrobial resistance genes by focusing on the interpretation of antimicrobial resistance at the pathway level by integrating microbial ecology, multi-omics, and artificial intelligence-driven systems biology. This review focuses on the growing field of artificial intelligence and computational tools to enhance the prediction of biochemical pathways that promote antibiotic resistance in microbial communities, highlighting key mechanisms, translatability, and future directions.
1.1 Literature Search Strategy
The relevant literature was identified by searching PubMed, Scopus, Web of Science, and Google Scholar databases with keywords such as “antimicrobial resistance,” “artificial intelligence,” “microbiome,” “multi-omics,” and “biochemical pathways”. In general, studies published mainly from 2015 to 2026 were prioritized. The studies focused on experimental, computational, and systems biology approaches relevant to resistance mechanisms and prediction of pathways, as well as AI-based approaches for antimicrobial resistance research, were included and critically synthesized.
2. Biological and Biochemical mechanisms involved in antibiotic resistance. 
Microorganisms have a variety of biological and biochemical changes that maintain their survival in the presence of antimicrobial pressure, and this is known as antibiotic resistance(Nimmana & Nguyen, 2026). The mechanisms are not only genetic acquisition but also include coordinated activity of enzymes, structural changes, transport regulation, metabolic adjustment, and interactions at the community level(Al Zubaidi et al., 2025). The understanding of these mechanisms is key to identifying biochemical pathways that enable resistance in microbial populations and polymicrobial environments.
Enzymatic degradation of antibiotics or chemical modification is one of the well-established resistance mechanisms (Munita & Arias, 2016; S. Sun, 2025). Many bacteria have enzymes that directly inactivate antimicrobial compounds before they can reach intracellular targets(Y. Xie et al., 2025). A significant example, in particular, is beta-lactamases, which break down penicillins, cephalosporins, and related antibiotics by cleaving the beta-lactam ring that is responsible for their antimicrobial activity(Huang & Zhou, 2025). A subset of these is called ‘carbapenemases' because they break down carbapenems, a class of antibiotics that are reserved for the most severe of infections. Aminoglycoside-modifying enzymes also play a large role in resistance by phosphorylation, acetylation, or adenylation of the aminoglycoside molecule, which makes it less capable of interacting with the bacterial ribosome. The ability to prevent therapeutic effectiveness through biochemical transformation of drugs as a result of these enzyme-driven hydrolysis and modification pathways is clearly illustrated(Testa & Krämer, 2007).
Another is target modification, where the cell structures that are targeted by the antibiotic are modified by the microbes. When ribosomal mutations decrease the binding affinity of inhibitors of protein synthesis, then the initial translational activity is maintained(Krawczyk et al., 2024). Alterations of DNA gyrase and topoisomerase enzymes are closely linked to fluoroquinolone resistance as a result of the ability of these enzymes to bind to the drug target and retain the necessary essential functions for DNA replication(Collins & Osheroff, 2024). Likewise, changes of peptidoglycan precursors will make cells less susceptible to drugs that inhibit the synthesis of peptidoglycan. Microorganisms can maintain essential physiological functions without being inhibited by antimicrobials by undergoing structural remodeling of protein binding sites(Elbaiomy et al., 2025; M.-K. Wang et al., 2026).
Another very effective defense system is the efflux system. These membrane-associated transport systems actively extrude toxic molecules from the cell before they reach toxic levels within the cell(Gaurav et al., 2023). ATP-binding cassette transporters use the hydrolysis of ATP to actively export antibiotics from the cell membrane(Masselot--Joubert & Renzo, 2025). Multidrug resistance is also significantly contributed to by other major transporter families like the major facilitator superfamily, resistance nodulation division systems, etc., especially in Gram-negative bacteria. Efflux systems can cause extensive resistance to a variety of antibiotic classes and may act in concert with other protective mechanisms(Almeida da Silva et al., 2025).
Less membrane permeability also restricts the entry of antibiotics into the intracellular targets. Loss of porins in many bacteria reduces the transport of AMR molecules across the outer membrane channels(Lawal, Babatunde, et al., 2025). Additional outer membrane remodeling may further impede antibiotic penetration of a hydrophilic. Changes in the structure of the LPS can also alter the charge and stability of the membrane, decreasing its sensitivity to some antimicrobial agents, and also being associated with resistance to membrane-directed drugs(Romano & Hung, 2023).
One of the most complex and now well-known aspects of antibiotic resistance is metabolic rewiring. Stress causes microorganisms to alter their carbon use pathways to continue to grow while resource levels are limited(Acierno et al., 2025). Folate bypass mechanisms could lead to decreased response to agents that target folate metabolism. Redox homeostasis is also crucial because redox imbalance may impact antibiotic survival(Sobral et al., 2024). In response to oxidative stress, there can be coordinated responses of antioxidant systems and repair systems that maintain the integrity of the cell. Energy redistribution also allows resistant cells to focus on survival-associated functions such as transport activities, repair pathways, and stress adaptation(Lee & Yoon, 2024).
Resistance is further strengthened at the community level. Biofilm's extracellular matrix provides a physical and biochemical shield that decreases the penetration of antibiotics and promotes persistence(Almatroudi, 2025). Persister cells can survive antibiotic treatment without classic genetic resistance because they switch to metabolically reduced states. Microbes coordinate their behavior through quorum sensing, and it can affect virulence, biofilms, and stress response(Bhuiyan, 2025). The sharing of detoxification systems and nutrient exchange between microbial species may help to maintain resistant cells and populations(Iimaa et al., 2025). These interactions demonstrate that antibiotic resistance can also develop as a result of concerted biochemical processes of microbial communities, as well as individual cellular adaptations
3. Microbial Community Interactions Driving Resistance Evolution
 Competition among microbes and adaptations to environmental stress are part of an ecological system in which antibiotic resistance develops(Bobate et al., 2023). Studies of the genes responsible for antimicrobial resistance have made significant advances in the understanding of antimicrobial resistance; however, antimicrobial resistance is often influenced by interactions among organisms within microbial communities in natural and clinical settings, in addition to individual organisms(Ahmed et al., 2024). Such community-level processes have a major impact on the rise, maintenance, and spread of resistant properties.
One of the key mechanisms in microbial resistance evolution is horizontal gene transfer, where genetic material can be transferred among organisms without participation in reproduction(Burmeister, 2015). The importance of conjugal transfer is most acute in the case of plasmids that are able to carry resistance determinants, as these can be directly passed from one bacterial cell to another by direct contact(Grohmann et al., 2003). This process is a major driver of the rapid dissemination of MDR within the hospital, wastewater, and agricultural settings. Transformation is also a mechanism enabling bacteria to acquire resistance by uptake of DNA from dead cells in the environment and incorporation of the acquired DNA into their genome. By means of bacteriophages, transduction can also allow the transfer of resistance-associated genes between microbial populations(Vesel et al., 2025). These mechanisms provide dynamic genetic exchange networks that generate resistance more quickly than vertical inheritance.
 Another element of ecological interactions within microbial communities is also a factor in shaping adaptive survival pressure(Gu et al., 2026). Stress may bring about the selection of resistant strains with survival traits, and competition for nutrients and ecological space may also allow for the selection of resistant strains(Larsson & Flach, 2022). On the other hand, the role of mutualism and symbiosis may enhance persistence via metabolic cooperation and common protective functions. Neighboring species benefit from the production of metabolites by some microorganisms. These interactions can lead to indirect resistance as they help keep the communities stable during exposure to antibiotics. The niche adaptation is also significant; microorganisms constantly change their physiological traits in order to make the best use of their environment, improving their chances of survival in an environment that is inhospitable or scarce in resources(Scheuerl & Rivett, 2026).
Spatial organization is another aspect contributing to resistance dynamics. Biofilms create a structured microbial environment through their extracellular matrices that are known to limit the penetration of antibiotics and promote extended survival. In these densely populated communities, the proximity allows signaling to occur, metabolism to cooperate, and genetic exchange(Grari et al., 2025). The gut microbiota is a complex community of microorganisms that exists in dynamic interaction with the host and under constant influence of diet, and harbours reservoirs of R-gene carrying microorganisms and adaptive traits(Ma & Lee, 2025). Another large ecological interface is that of wastewater microbiomes and the presence and interaction of antibiotics, resistant bacteria, and mobile genetic elements(Popoola et al., 2025). Likewise, soil communities constitute significant environmental reservoirs where antimicrobial compounds that occur naturally and microbial competition play a role in resistance development(L. Wang et al., 2025).
These adaptations are continually subjected to selective pressures. Antibiotic exposure gradients may allow microorganisms to experience sub-lethal levels, which will allow for the survival of tolerant populations and allow for the random development of resistance over time(Nazir et al., 2025). The host immune response also plays a role in shaping microbial adaptation, either in terms of inducing stress that affects persistence or virulence. Environmental stressors such as industrial contaminants and heavy metals can also apply additional selection pressure, favoring the organisms and pathways that are able to cope with stress, which could be connected with antimicrobial defense(Sánchez-Corona et al., 2025). The interactions highlight a microbial ecology and evolution, rather than the mere presence of genes, which is the basis of antibiotic resistance.
4. Data Sources for AI-Based Prediction of Resistance Pathways
To accurately predict biochemical pathways involved in antibiotic resistance, it is necessary to have access to a variety of biologically meaningful and diverse data that can detect molecular activity at various levels of microbial organization(Singh & Kim, 2025). AI models need data beyond just identifying the gene that is responsible for the resistance, as it is influenced by genomic variation, regulatory activity, protein function, metabolic adaptation, and ecological interactions(Shen et al., 2026). Therefore, multidimensional biological data is used as the basis of the reliable pathway prediction.
One of the most important sources of resistance-related information is genomics. The whole genome sequencing delivers a complete picture of the genetic structure of the microbes, including mobile genetic elements, mutations, resistance genes, and structural differences(Cross et al., 2026; Mustafa, 2024). It helps to detect the chromosomal and plasmid-mediated determinants associated with antimicrobial resistance. Resistome mapping is an extension of this, which characterizes the entire set of resistance-associated genes in a microbial population or environment(Rumi et al., 2025). With these genomic data sets, the mechanism of inherited or acquired resistance can be traced.
Transcriptomics provides functional information as it looks at the expression of the genes under particular environmental conditions(Lowe et al., 2017). Under antibiotic stress, transcriptomic data can provide information about regulatory responses that are associated with stress adaptation, transport activity, virulence, and metabolic adjustments in microorganisms(Avci, 2024). Resistance is not always a result of a single gene being present, but also the result of its expression, so that the expression profiling of genes gives important insight into the pathway-level behaviour when challenged with antimicrobials.
Proteomics complements pathway analysis and provides information on proteins that actually carry out biological functions. Enzymes quantified can provide information on active degradation mechanisms, stress response enzymes, and metabolic regulators related to resistance. Membrane-associated systems like efflux pumps are especially significant, often resulting in decreased intracellular drug accumulation, and can be peculiar to transport proteins(Y. Xie et al., 2025). Protein level analysis is therefore used to provide a link between gene expression and biochemical activity.
Metabolomics reflects the metabolic downstream effects of resistance development. Variations of metabolite concentrations can reflect differences in biosynthetic pathways, redox regulation, and nutrient utilization under antibiotic stress. Through analysis of flux, a better understanding of the way microorganisms allocate metabolic resources to enable survival and maintain cellular stability is also gained(Srinak et al., 2025).
The metabolic aspect of metagenomics gives an overview of the ecology since it involves the extraction of genes directly from microbial communities(Nam et al., 2023). It differs from isolate-based studies in that it provides microbial community signatures, functional diversity, and resistance reservoirs in complex environments, like aquatic, soil, and gut communities.
Both clinical and environmental data are essential to be considered when discussing translational relevance. Hospital isolates present real-world evidence of pathogen evolution, therapeutic failure, and the evolution of "multi-drug" drug resistance. Monitoring of wastewater provides information on the dissemination of population-level resistance and mobile genetic exchange. The soil microbiome datasets are of special importance since soil is a significant source of microbial diversity and naturally occurring resistance genes(Soufi et al., 2025).
Multi-omics integration is the greatest predictive power. Artificial intelligence models can be built using the results from the four technologies above (genomics, transcriptomics, proteomics, metabolomics, and metagenomics) to link the genetic capacity to the biochemical activity shown by complex microbial communities, facilitating the identification of resistance pathways(Fareed & Shityakov, 2026).
5. Artificial Intelligence Models for Predicting Biochemical Resistance Pathways
The complexity of interactions among genes, proteins, metabolites, and ecological systems governs microbial adaptation and, hence, makes predicting biochemical pathways essential for understanding antibiotic resistance a focal point of artificial intelligence(Shayista et al., 2025). While traditional statistical analyses are still useful for specific studies, there is a need for computational models that can detect nonlinear patterns, combine heterogeneous data, and include models relating resistance to pathway levels. AI models can be classified into various categories, each offering unique advantages for resistance prediction.
In the context of structured biological data, classical machine learning techniques continue to be popular due to their interpretability, computational efficiency, and effectiveness. The advantage of using the Random Forest models in the resistance studies is that they are able to process high-dimensional genomic and transcriptomic data and minimize overfitting by using ensemble learning(Chen & Ishwaran, 2012). They are frequently used for resistance classification and identification of influential biological factors. SVMs work well for separating complex biological classes, particularly in the case of genomic signatures of resistant and susceptible strains. Decision Trees can offer a simpler rule-based prediction and uncover biologically interpretable relationships between molecular features and resistance outcomes. The importance of XGBoost is because of the high predictive accuracy, and it can be used for ranking informative features in large-scale biological datasets(W. Li et al., 2025). 
When there is more than a linear relationship between the biological variables, or when the data are sequences or complex representations, deep learning methods can be more powerful. Resistance-associated sequence patterns are identified for genomic and proteomic data using Convolutional Neural Networks. Time-dependent biological systems, such as those where resistance evolution can be related to temporal changes in gene expression, microbial adaptation, or environmental stress, are especially suited to Recurrent Neural Networks and long short-term memory models(Khodadadi et al., 2020). Autoencoders can be used to reduce the dimensionality of large omics datasets to lower-dimensional representations while retaining important biological structure(Baig et al., 2023). Attention-based architectures become more and more relevant in biological sequence learning since they can learn long-range dependencies in DNA, RNA, and protein sequences. They can recognize functional patterns that can be described by more complex models, and thus detect resistance, which may not be identifiable in simpler models.
Graph-based AI models are particularly useful since biochemical pathways are inherently network-based (as opposed to single molecular events). Biological systems can be modeled as a network of connected nodes and edges, which is known as a graph, and Graph Neural Networks can be used for this purpose. Enzymes, metabolites, and biochemical reactions can be studied as an interconnected network of structures in metabolic networks. The mapping of protein-protein interactions can facilitate the identification of functional clusters and regulatory hubs that can affect resistance adaptation. Gene regulatory networks permit the exploration of the coordination of transcription and activation of pathways during antimicrobial stress. Microbe-host interaction graphs also capture the pathway prediction, including host-mediated environmental effects, immune pressures, and microbial adaptability(Woodhams et al., 2020). Graph-based learning enhances mechanistic interpretations and pathway inferences due to the fact that resistance can often arise from coordinated interactions and not just from one molecular event.
Uncertainty and dynamic biological behavior are still well represented by probabilistic and systems biology models in resistance pathway prediction. Bayesian networks provide estimates of conditional biological relations, and constraint-based metabolic modeling provides a prediction of biochemical states that are feasible when challenged by the antimicrobial environment.
Hybrid artificial intelligence methods are regarded as one of the most promising ways forward in predicting resistance pathways due to their predictive power and their mechanistic depth. Enhancing the evaluation of antibiotic target interactions and possible structural changes associated with resistance through the integration of artificial intelligence with molecular docking(Wu-Mo et al., 2026). AI and genome-scale metabolic models can be used together to enhance the prediction of adaptive metabolic pathways under antimicrobial pressure. Digital twin microbiomes are still in their infancy, but they seek to simulate a microbial ecology with real microbial data for predictive analysis. Mechanistic systems biology in combination with artificial intelligence may provide the greatest promise to go beyond pattern recognition to an interpretable prediction of resistance pathways in complex microbial communities(Branda & Scarpa, 2024).
Table 1 summarizes major artificial intelligence methods, associated biological data sources, and their applications in predicting biochemical pathways underlying antibiotic resistance.

Table 1. Artificial Intelligence Methods, Biological Data Sources, and Applications in Predicting Biochemical Pathways of Antibiotic Resistance
	Artificial Intelligence Method
	Biological Data Source(s)
	Primary Application in Antibiotic Resistance Prediction
	Example Resistance Insights

	Random Forest
	Genomics, Transcriptomics
	Classification of resistant and susceptible strains
	Identification of resistance-associated genes and metabolic markers(Che et al., 2025; Lawal, Igwe, et al., 2025)

	Support Vector Machine (SVM)
	Genomic sequences, Proteomics
	Detection of resistance signatures
	Prediction of multidrug-resistant phenotypes(Ren et al., 2021)

	Decision Trees
	Clinical and genomic datasets
	Rule-based resistance prediction
	Identification of key biochemical determinants(Jia et al., n.d.)

	XGBoost
	Multi-omics datasets
	Feature ranking and predictive modeling
	Discovery of influential resistance pathways(Cao et al., 2025)

	Convolutional Neural Networks (CNNs)
	Genomics, Proteomics
	Sequence pattern recognition
	Detection of conserved resistance motifs(Yue et al., 2023)

	Recurrent Neural Networks (RNNs)/LSTM
	Transcriptomics, temporal microbiome data
	Modeling dynamic resistance evolution
	Prediction of adaptive responses over time(G. Sun & Zhou, 2024)

	Autoencoders
	Multi-omics datasets
	Dimensionality reduction and feature extraction
	Identification of hidden resistance-associated patterns(C. Wang & O’Connell, 2025)

	Transformer Models
	DNA, RNA, and protein sequences
	Contextual biological sequence analysis
	Prediction of functional resistance interactions(Ghosh et al., 2025)

	Graph Neural Networks (GNNs)
	Metabolic and protein interaction networks
	Network-based pathway inference
	Identification of interconnected resistance pathways(Y. Wang et al., 2024)

	Bayesian Networks
	Multi-omics and clinical datasets
	Probabilistic biological modeling
	Estimation of conditional resistance relationships(Howey et al., 2025)

	Hidden Markov Models (HMMs)
	Sequential biological data
	Modeling biological state transitions
	Prediction of adaptation and persistence states(Shuto et al., 2025)

	Hybrid AI Systems
	Integrated omics and systems biology datasets
	Mechanistic and predictive resistance modeling
	Simulation of microbial ecosystem behavior and resistance evolution(Loganathan, 2026)


This table summarizes major artificial intelligence approaches used in antimicrobial resistance research, highlighting associated biological data sources, predictive applications, and translational relevance in predicting biochemical pathways underlying antibiotic resistance.
6. Framework for Predicting Biochemical Pathways
To integrate the biological data, computational modelling, and experimental verification into a structured analytical process is necessary to form a mechanistic framework for predicting biochemical pathways underlying antibiotic resistance. Pathway prediction must go beyond the detection of individual genes to the level of interpretation of biological function because resistance mechanisms are regulated by the molecular and metabolic environment and microbial interactions(Uddin et al., 2021).
Data acquisition is the first phase, in which all relevant biological data is gathered from several sources. Omics data   such as genomics, transcriptomics, proteomics, metabolomics, and metagenomics  offer a window into the molecular activity at various levels of biology. When these datasets are integrated with environmental data and clinical metadata (including antibiotic exposure history, microbial source, and ecological context), they can be used to provide greater information(Haredasht et al., 2025).
The second stage is to preprocess the data. Biological data can be noisy, contain batch effects, missing data, and technical bias, which can influence the predictive accuracy of the data. The normalization is therefore required to make the data sets comparable, and the denoising are methods used to enhance the signal quality and remove irrelevant noise.
Feature engineering is an essential step that comes after, in the identification of biologically meaningful variables. Genes for resistance, protein abundances, metabolite concentrations, transport systems, and regulatory markers can be converted into features that are suitable for computational learning(M. Xie et al., 2025). Good feature selection makes it easier to interpret and more efficient to build a model.
This enables the relationships in the biological network to be encoded as pathway graphs in the reconstructed network. During this phase, genes, proteins, metabolites, and biochemical reactions are grouped into interacting systems. Such networks are crucial, as resistance pathways are generally related to coordinated interactions and not single molecular events.
The next step is the model training, in which the artificial intelligence algorithms are optimized to recognize biological patterns associated with resistance. Depending on the complexity and structure of the data set, machine learning, deep learning, or graph-based methods can be used(Chiregi et al., 2025).
Following training, pathway inference is used to identify resistance-associated biochemical mechanisms. This can uncover the pathways of drug degradation, efflux regulation, drug resistance strategies, and stress response pathways that lead to microbial survival in the presence of antimicrobial drugs.
The last step is an experimental validation. The predictions generated in a computer must be confirmed by wet lab techniques like gene expression, metabolic assay, and functional microbial analysis. This validation is crucial to ensure biological relevance and for a predictive model to gain clinical relevance in antibiotic resistance pathways(Bilal et al., 2025b).

Figure 1. AI-Driven Multi-Omics Framework for Predicting Biochemical Pathways Underlying Antibiotic Resistance in Microbial Communities
Figure 1 illustrates an AI-driven multi-omics framework for predicting biochemical pathways underlying antibiotic resistance in microbial communities. The framework integrates microbial ecological interactions, resistance mechanisms, multi-omics datasets, and artificial intelligence models to support pathway inference, resistance prediction, and translational applications, including precision therapy, drug discovery, diagnostics, and antimicrobial resistance surveillance.

7. Current Challenges and Limitations
Although significant advances have been made towards using artificial intelligence to predict biochemical pathways associated with antibiotic resistance, there are still a number of scientific and technical limitations that limit the accuracy, interpretability, and translational value of these models(Cesaro et al., 2025).
There are limitations with data. Current antimicrobial resistance data are largely incomplete, limited, and patchy in terms of the type of data available by microbial species and ecological environment. Environmental and community-level microbial data are relatively scarce, and clinical isolates are over-represented. Furthermore, the noise of the labels is a major issue since the resistance phenotypes could differ from one study to another. The lack of metadata, such as antibiotic exposure history, host conditions, and environmental context, limits our capacity to make biologically meaningful associations using models(Samreen et al., 2021).
Another is the biological complexity. Microbial communities are an ever-changing system of organisms, influenced by ecological competition, metabolic exchange, interaction with the host, and selective pressures. Pathways of resistance are seldom linear. Instead, they are formed by non-linear regulatory interactions between genes, proteins, metabolites, and environmental responses(Hornisch & Piazza, 2025). This is a hard aspect to capture, especially if the behavior of a pathway changes over time or between ecological niches.
Secondly, explainability is a critical constraint. Many state-of-the-art AIs, especially deep learning models, are black box predictors. Although these models can be very predictive, they also tend to lack biological transparency. For antibiotic resistance research, interpretability is key because pathway prediction should be used to create a mechanism, as opposed to merely classification(Abbas et al., 2024).
The low transferability is also a hindrance in the application. This occurs because models developed in one microbial species, one ecological niche, or one lab condition do not usually perform well under different conditions. There is a lack of generalizability between datasets due to species-specific metabolism, regulatory variation, and environmental adaptation(Hrițcu et al., 2025).
Last but not least, validation continues to be one of the critical bottlenecks. Experimental validation by wet laboratory experiments like metabolic profiling, gene perturbation analysis, and functional assays is needed to confirm computational predictions. These processes are costly, time-consuming, and can be slow to achieve translation progress. In the meantime, the ability to predict will remain limited in its clinical and ecological use until there is an improved linkage between computational biology and experimental microbiology(Shokri Garjan et al., 2025).
8. Future Directions
The future of artificial intelligence in antimicrobial resistance research lies in the convergence of computational innovation, biological interpretability, and clinically actionable precision. As resistance mechanisms become increasingly complex and multidimensional, emerging AI frameworks are expected to move beyond predictive classification toward intelligent systems capable of reasoning, adaptation, and therapeutic design(Fahim et al., 2025).
One of the most promising developments is explainable artificial intelligence, which addresses a major limitation of current machine learning systems by making computational predictions biologically interpretable. Rather than functioning as opaque decision tools, explainable models can reveal the molecular pathways, microbial interactions, and environmental factors influencing resistance outcomes(Lu et al., 2025). This transparency is essential for clinical trust, regulatory approval, and scientific validation, particularly when AI systems are used to guide treatment decisions.
Another transformative direction involves foundation models, particularly large biological transformer architectures trained on genomic, proteomic, and microbiome-scale datasets. These models have the potential to learn universal biological representations, enabling transfer learning across diverse microbial environments and improving prediction accuracy even in limited data settings. Such systems may eventually serve as foundational platforms for diagnostics, drug discovery, and evolutionary forecasting(Serrano et al., 2024). 
Reinforcement learning offers another innovative frontier, particularly in optimizing antibiotic treatment strategies. Through continuous feedback and adaptive decision making, these models can identify dosing regimens or drug combinations that minimize resistance emergence while maximizing therapeutic efficacy. This dynamic approach aligns closely with the complexity of real-world clinical environments(Elendu et al., 2024).
The integration of spatial omics with artificial intelligence will further deepen understanding of resistance mechanisms by mapping microbial behavior within tissue architecture and biofilm communities(Coleman et al., 2024). Similarly, combining AI with synthetic biology could enable the rational design of pathway-disrupting therapies aimed at weakening microbial defense systems or restoring antibiotic susceptibility.
Real-time antimicrobial resistance surveillance is also expected to expand through AI-driven monitoring of hospital systems, environmental reservoirs, and wastewater networks(Punch et al., 2025). These systems may provide early warning signals for emerging threats and support rapid public health responses. Ultimately, personalized microbiome therapeutics will represent the culmination of these advances, allowing precision medicine approaches that tailor antimicrobial interventions to an individual’s microbial composition, genetic background, and disease profile(Goldiș et al., 2025).
9. Clinical and Translational Implications
The integration of artificial intelligence into antimicrobial resistance research has significant clinical and translational implications, offering new opportunities to improve diagnosis, treatment, and public health response(Salama et al., 2026). One of the most immediate benefits lies in faster antimicrobial resistance diagnostics, where AI-driven analysis of genomic, microbiological, and clinical data can rapidly identify resistant pathogens and predict resistance profiles. This accelerated diagnostic capability can reduce delays in treatment initiation and improve patient outcomes, particularly in critical care settings.
Artificial intelligence also enhances pathway-targeted drug discovery by identifying essential microbial pathways and resistance-associated molecular targets that may be exploited for novel therapeutic development(Pathak et al., 2025). This approach can accelerate the discovery of alternative antimicrobial agents capable of overcoming existing resistance mechanisms. In clinical practice, these advances support precision antimicrobial treatment by enabling individualized therapy selection based on pathogen characteristics, patient-specific factors, and predicted treatment responses. Beyond direct patient care, AI contributes to stewardship optimization by guiding rational antibiotic prescribing and reducing unnecessary antimicrobial exposure, thereby limiting selective pressure that drives resistance emergence. Predictive modeling can also improve hospital outbreak detection by identifying subtle transmission patterns and forecasting potential resistance clusters before widespread dissemination occurs(Zhao et al., 2024). At the population level, AI-powered public health surveillance systems can integrate data from hospitals, laboratories, and environmental sources to monitor resistance trends in real time, strengthening preparedness and informing evidence-based policy interventions(J.-H. Li et al., 2026). Together, these applications demonstrate the transformative potential of artificial intelligence in translating microbiome and resistance research into meaningful clinical and societal impact.
10. Conclusion
Artificial intelligence is fundamentally transforming the study of antimicrobial resistance by shifting analytical focus from simple gene detection toward pathway-level interpretation and, increasingly, ecosystem-level prediction of resistance evolution. This transition reflects a broader understanding that antimicrobial resistance is not driven solely by isolated genetic determinants but by complex interactions among microbial communities, host environments, and selective pressures that shape adaptive responses over time.
Through the integration of microbiome data, multi-omics technologies, and advanced computational modeling, AI now enables deeper exploration of resistance mechanisms that were previously difficult to characterize. These approaches provide opportunities not only to identify resistant organisms but also to predict emerging resistance patterns, uncover hidden biological networks, and inform targeted therapeutic interventions. However, the full clinical and scientific potential of these technologies depends on the development of models that are both accurate and biologically interpretable.
The future of antimicrobial resistance research will therefore depend on explainable artificial intelligence, graph-based analytical frameworks, mechanistic modeling, and robust multi-omics integration. Together, these innovations will support a more predictive and systems-oriented understanding of resistance, ultimately advancing precision medicine and strengthening global efforts to combat one of the most urgent public health challenges of the modern era. 
Future progress will require closer integration among microbiology, systems biology, bioinformatics, and artificial intelligence to develop clinically interpretable and globally scalable antimicrobial resistance prediction systems.

[bookmark: _Hlk221624953]Disclaimer (Artificial intelligence)

Author(s) hereby declare that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 

References
Abate, T. A., & Birhanu, A. G. (2025). Antibiotic Use in Livestock and Environmental Antibiotic Resistance: A Narrative Review. Environmental Health Insights, 19, 11786302251357775. https://doi.org/10.1177/11786302251357775
Abbas, A., Barkhouse, A., Hackenberger, D., & Wright, G. D. (2024). Antibiotic resistance: A key microbial survival mechanism that threatens public health. Cell Host & Microbe, 32(6), 837–851. https://doi.org/10.1016/j.chom.2024.05.015
Acierno, C., Barletta, F., Nevola, R., Rinaldi, L., Sasso, F. C., Adinolfi, L. E., & Caturano, A. (2025). Metabolic Rewiring of Bacterial Pathogens in Response to Antibiotic Pressure—A Molecular Perspective. International Journal of Molecular Sciences, 26(12), 5574. https://doi.org/10.3390/ijms26125574
Ahmed, S. K., Hussein, S., Qurbani, K., Ibrahim, R. H., Fareeq, A., Mahmood, K. A., & Mohamed, M. G. (2024). Antimicrobial resistance: Impacts, challenges, and future prospects. Journal of Medicine, Surgery, and Public Health, 2, 100081. https://doi.org/10.1016/j.glmedi.2024.100081
Al Zubaidi, S. M., Nasar, M. I., Notebaart, R. A., Ralser, M., & Alam, M. T. (2025). An enzyme activation network reveals extensive regulatory crosstalk between metabolic pathways. Molecular Systems Biology, 21(7), 870–888. https://doi.org/10.1038/s44320-025-00111-7
Alakilli, S. Y. M., Ibrahim, M. N., Alanazi, A., El Azab, E. F., Alzhrani, K., Shahin, O. R., Mazhari, B. B. Z., & Ahmed, M. A. A. S. (2026). AI-Driven Microbial Diagnostics: Predicting Disease Signatures Through Microbial Pattern Recognition. Diagnostics, 16(5), 688. https://doi.org/10.3390/diagnostics16050688
Almatroudi, A. (2025). Biofilm Resilience: Molecular Mechanisms Driving Antibiotic Resistance in Clinical Contexts. Biology, 14(2), 165. https://doi.org/10.3390/biology14020165
Almeida da Silva, P. E., Von Groll, A., Ramis, I., Reis, A. J., Ramos, D., & Viveiros, M. (2025). Efflux systems driving resistance and virulence across biological domains. PeerJ, 13, e20360. https://doi.org/10.7717/peerj.20360
Avci, F. G. (2024). Unraveling bacterial stress responses: Implications for next-generation antimicrobial solutions. World Journal of Microbiology & Biotechnology, 40(9), 285. https://doi.org/10.1007/s11274-024-04090-z
Baig, Y., Ma, H. R., Xu, H., & You, L. (2023). Autoencoder neural networks enable low dimensional structure analyses of microbial growth dynamics. Nature Communications, 14, 7937. https://doi.org/10.1038/s41467-023-43455-0
Baweja, R., Singh, M., Shukla, S., Ravi, R., Ahmad, R., & Mishra, A. (2025). Antimicrobial resistance: Mechanism, causes, prevention and societal impact. The Microbe, 9, 100617. https://doi.org/10.1016/j.microb.2025.100617
Bhuiyan, M. N. I. (2025). Biofilm, resistance, and quorum sensing: The triple threat in bacterial pathogenesis. The Microbe, 9, 100578. https://doi.org/10.1016/j.microb.2025.100578
Bilal, H., Khan, M. N., Khan, S., Shafiq, M., Fang, W., Khan, R. U., Rahman, M. U., Li, X., Lv, Q.-L., & Xu, B. (2025a). The role of artificial intelligence and machine learning in predicting and combating antimicrobial resistance. Computational and Structural Biotechnology Journal, 27, 423–439. https://doi.org/10.1016/j.csbj.2025.01.006
Bilal, H., Khan, M. N., Khan, S., Shafiq, M., Fang, W., Khan, R. U., Rahman, M. U., Li, X., Lv, Q.-L., & Xu, B. (2025b). The role of artificial intelligence and machine learning in predicting and combating antimicrobial resistance. Computational and Structural Biotechnology Journal, 27, 423–439. https://doi.org/10.1016/j.csbj.2025.01.006
Bobate, S., Mahalle, S., Dafale, N. A., & Bajaj, A. (2023). Emergence of environmental antibiotic resistance: Mechanism, monitoring and management. Environmental Advances, 13, 100409. https://doi.org/10.1016/j.envadv.2023.100409
Branda, F., & Scarpa, F. (2024). Implications of Artificial Intelligence in Addressing Antimicrobial Resistance: Innovations, Global Challenges, and Healthcare’s Future. Antibiotics, 13(6), 502. https://doi.org/10.3390/antibiotics13060502
Burmeister, A. R. (2015). Horizontal Gene Transfer. Evolution, Medicine, and Public Health, 2015(1), 193–194. https://doi.org/10.1093/emph/eov018
Cao, S., Liu, J., & Li, Y. (2025). Harnessing multi-omics and machine learning for predicting immune checkpoint blockade responses: Advances, challenges, and future directions. Fundamental Research, 6(1), 62–76. https://doi.org/10.1016/j.fmre.2025.08.009
CDC. (2025, January 31). About Antimicrobial Resistance. Antimicrobial Resistance. https://www.cdc.gov/antimicrobial-resistance/about/index.html
CDC. (2026, April 3). About Microbial Ecology. Antimicrobial Resistance. https://www.cdc.gov/antimicrobial-resistance/about/about-microbial-ecology.html
Cesaro, A., Hoffman, S. C., Das, P., & de la Fuente-Nunez, C. (2025). Challenges and applications of artificial intelligence in infectious diseases and antimicrobial resistance. Npj Antimicrobials and Resistance, 3, 2. https://doi.org/10.1038/s44259-024-00068-x
Che, Y., Zhang, C., Xing, J., Xi, Q., Shao, Y., Zhao, L., Guo, S., & Zuo, Y. (2025). Machine Learning-Based identification of resistance genes associated with sunflower broomrape. Plant Methods, 21(1), 62. https://doi.org/10.1186/s13007-025-01383-8
Chen, X., & Ishwaran, H. (2012). Random Forests for Genomic Data Analysis. Genomics, 99(6), 323–329. https://doi.org/10.1016/j.ygeno.2012.04.003
Chiregi, M., Mazinani, M., & Mirzarezaee, M. (2025). A new feature selection method using deep learning and graph representation in high-dimensional datasets. Knowledge-Based Systems, 329, 114338. https://doi.org/10.1016/j.knosys.2025.114338
Coleman, K., Schroeder, A., & Li, M. (2024). Unlocking the power of spatial omics with AI. Nature Methods, 21(8), 1378–1381. https://doi.org/10.1038/s41592-024-02363-x
Collins, J. A., & Osheroff, N. (2024). Gyrase and Topoisomerase IV: Recycling Old Targets for New Antibacterials to Combat Fluoroquinolone Resistance. ACS Infectious Diseases, 10(4), 1097–1115. https://doi.org/10.1021/acsinfecdis.4c00128
Cross, B. J., Partridge, S. R., & Sheppard, A. E. (2026). Impacts of mobile genetic elements on antimicrobial resistance genes in gram-negative pathogens: Current insights and genomic approaches. Microbiological Research, 302, 128340. https://doi.org/10.1016/j.micres.2025.128340
Elbaiomy, R. G., El‐Sappah, A. H., Guo, R., Luo, X., Deng, S., Du, M., Jian, X., Bakeer, M., Li, Z., & Zhang, Z. (2025). Antibiotic Resistance: A Genetic and Physiological Perspective. MedComm, 6(11), e70447. https://doi.org/10.1002/mco2.70447
Elendu, C., Amaechi, D. C., Okatta, A. U., Amaechi, E. C., Elendu, T. C., Ezeh, C. P., & Elendu, I. D. (2024). The impact of simulation-based training in medical education: A review. Medicine, 103(27), e38813. https://doi.org/10.1097/MD.0000000000038813
Fahim, Y. A., Hasani, I. W., Kabba, S., & Ragab, W. M. (2025). Artificial intelligence in healthcare and medicine: Clinical applications, therapeutic advances, and future perspectives. European Journal of Medical Research, 30, 848. https://doi.org/10.1186/s40001-025-03196-w
Fareed, M. M., & Shityakov, S. (2026). Artificial Intelligence-Enabled Foodomics: Integrating Multi-Omics, Personalized Drug Discovery, Nutrition, and Sustainable Food Systems. In Silico Research in Biomedicine, 100378. https://doi.org/10.1016/j.insi.2026.100378
Gaurav, A., Bakht, P., Saini, M., Pandey, S., & Pathania, R. (2023). Role of bacterial efflux pumps in antibiotic resistance, virulence, and strategies to discover novel efflux pump inhibitors. Microbiology, 169(5), 001333. https://doi.org/10.1099/mic.0.001333
Ghosh, N., Santoni, D., Saha, I., & Felici, G. (2025). A review on the applications of Transformer-based language models for nucleotide sequence analysis. Computational and Structural Biotechnology Journal, 27, 1244–1254. https://doi.org/10.1016/j.csbj.2025.03.024
Goldiș, A., Dragomir, R., Mercioni, M. A., Goldiș, C., Sirca, D., Enatescu, I., & Belei, O. (2025). Introducing a Novel Personalized Microbiome-Based Treatment for Inflammatory Bowel Disease: Results from NostraBiome’s Internal Validation Study. Biomedicines, 13(4), 795. https://doi.org/10.3390/biomedicines13040795
Grari, O., Ezrari, S., El Yandouzi, I., Benaissa, E., Ben Lahlou, Y., Lahmer, M., Saddari, A., Elouennass, M., & Maleb, A. (2025). A comprehensive review on biofilm-associated infections: Mechanisms, diagnostic challenges, and innovative therapeutic strategies. The Microbe, 8, 100436. https://doi.org/10.1016/j.microb.2025.100436
Grohmann, E., Muth, G., & Espinosa, M. (2003). Conjugative Plasmid Transfer in Gram-Positive Bacteria. Microbiology and Molecular Biology Reviews, 67(2), 277–301. https://doi.org/10.1128/MMBR.67.2.277-301.2003
Gu, W., Richter, X.-Y. L., & Johnson, D. R. (2026). Managing microbial interactions in environmental biotechnology: Can we scale interaction principles? Trends in Microbiology. https://doi.org/10.1016/j.tim.2026.04.003
Haredasht, F. N., Amrollahi, F., Maddali, M. V., Marshall, N., Ma, S. P., Cooper, L. N., Johnson, A. O., Wei, Z., Medford, R. J., Kanjilal, S., Banaei, N., Deresinski, S., Goldstein, M. K., Asch, S. M., Chang, A., & Chen, J. H. (2025). Antibiotic Resistance Microbiology Dataset (ARMD): A Resource for Antimicrobial Resistance from EHRs. ArXiv, arXiv:2503.07664v2.
Hornisch, M., & Piazza, I. (2025). Regulation of gene expression through protein-metabolite interactions. Npj Metabolic Health and Disease, 3, 7. https://doi.org/10.1038/s44324-024-00047-w
Howey, R., Adam, J., Adamski, J., Atabaki, N. N., Brunak, S., Chmura, P. J., De Masi, F., Dermitzakis, E. T., Fernandez-Tajes, J. J., Forgie, I. M., Franks, P. W., Giordano, G. N., Haid, M., Hansen, T., Hansen, T. H., Harms, P. P., Hattersley, A. T., Hong, M., Jacobsen, U. P., … Cordell, H. J. (2025). Bayesian network imputation methods applied to multi-omics data identify putative causal relationships in a type 2 diabetes dataset containing incomplete data: An IMI DIRECT Study. PLOS Genetics, 21(7), e1011776. https://doi.org/10.1371/journal.pgen.1011776
Hrițcu, L. D., Boghian, V., Pavel, G., Hrițcu, T. D., Nechifor, F., Spataru, A., Cherșunaru, A. A., Munteanu, A., Ciocoiu, M., & Spataru, M.-C. (2025). Systematic Review: Exploring Inter-Species Variability in Diabetes Mellitus for Translational Medicine. Life, 16(1). https://doi.org/10.3390/life16010064
Huang, Y.-S., & Zhou, H. (2025). Breakthrough Advances in Beta-Lactamase Inhibitors: New Synthesized Compounds and Mechanisms of Action Against Drug-Resistant Bacteria. Pharmaceuticals, 18(2). https://doi.org/10.3390/ph18020206
Iimaa, T., Batmunkh, M., Dulguun, B., Dorjsuren, B., Turmunkh, T., Tserennadmid, E., Surenjav, U., Choidash, B., & Gereltuya, R. (2025). Bacterial Heavy Metal Resistance in Contaminated Soil. Journal of Microbiology and Biotechnology, 35, e2411073. https://doi.org/10.4014/jmb.2411.11073
Jia, X., Xiong, Y., Xu, Y., Chen, F., Han, P., Qu, J., He, Q., & Rao, G. (n.d.). Machine learning-selected minimal features drive high-accuracy rule-based antibiotic susceptibility predictions for Staphylococcus aureus via metagenomic sequencing. Microbiology Spectrum, 13(8), e00556-25. https://doi.org/10.1128/spectrum.00556-25
Khodadadi, E., Zeinalzadeh, E., Taghizadeh, S., Mehramouz, B., Kamounah, F. S., Khodadadi, E., Ganbarov, K., Yousefi, B., Bastami, M., & Kafil, H. S. (2020). Proteomic Applications in Antimicrobial Resistance and Clinical Microbiology Studies. Infection and Drug Resistance, 13, 1785–1806. https://doi.org/10.2147/IDR.S238446
Krawczyk, S. J., Leśniczak-Staszak, M., Gowin, E., & Szaflarski, W. (2024). Mechanistic Insights into Clinically Relevant Ribosome-Targeting Antibiotics. Biomolecules, 14(10). https://doi.org/10.3390/biom14101263
Larsson, D. G. J., & Flach, C.-F. (2022). Antibiotic resistance in the environment. Nature Reviews. Microbiology, 20(5), 257–269. https://doi.org/10.1038/s41579-021-00649-x
Lawal, O. P., Babatunde, J. O., Owusu-Ansah, S., Ani, C. P., Adegbesan, A. C., Hashim, H., Okeke, J. C., Okei, N. C., Igunma, A. A., Ubebe, D. O., Ugoagwu, K. U., Agbo, O. S., & Ani, C. F. (2025). Antibiogram and Molecular Characterization of Extended-Spectrum Beta-Lactamase-Producing Klebsiella pneumoniae in a Nigerian Teaching Hospital. Microbes, Infection and Chemotherapy, 5, e2305–e2305. https://doi.org/10.54034/mic.e2305
Lawal, O. P., Igwe, E. P., Olosunde, A., Chisom, E. P., Okeh, D. U., Olowookere, A. K., Adedayo, O. A., Agu, C. P., Mustapha, F. A., Odubo, F. E., & Orobator, E. T. (2025). Integrating Real-Time Data and Machine Learning in Predicting Infectious Disease Outbreaks: Enhancing Response Strategies in Sub-Saharan Africa. Asian Journal of Microbiology and Biotechnology, 10(1), 147–163. https://doi.org/10.56557/ajmab/2025/v10i19371
Lee, C. J., & Yoon, H. (2024). Metabolic Adaptation and Cellular Stress Response As Targets for Cancer Therapy. The World Journal of Men’s Health, 42(1), 62–70. https://doi.org/10.5534/wjmh.230153
Li, J.-H., Tseng, Y.-J., Chen, S.-H., & Chen, K.-F. (2026). Artificial intelligence in infection surveillance: Data integration, applications and future directions. Biomedical Journal, 49(2), 100929. https://doi.org/10.1016/j.bj.2025.100929
Li, W., Zhou, Y., Luo, Z., Tan, M., Yin, R., & Li, J. (2025). XGBoost-based machine learning model combining clinical and ultrasound data for personalized prediction of thyroid nodule malignancy. Frontiers in Endocrinology, 16, 1639639. https://doi.org/10.3389/fendo.2025.1639639
Loganathan, P. (2026). Harnessing artificial intelligence and machine learning for next-generation bioremediation. Chemical Engineering Journal Advances, 25, 101052. https://doi.org/10.1016/j.ceja.2026.101052
Lowe, R., Shirley, N., Bleackley, M., Dolan, S., & Shafee, T. (2017). Transcriptomics technologies. PLoS Computational Biology, 13(5), e1005457. https://doi.org/10.1371/journal.pcbi.1005457
Lu, Y., Li, X., Abd El-Aty, A. M., Ju, X., & Yong, Y. (2025). Host–Microbe Interactions: Prospects of Machine Learning and Deep Learning Technologies in Animal Viral Disease Management. Veterinary Sciences, 12(12), 1129. https://doi.org/10.3390/vetsci12121129
Ma, Z. F., & Lee, Y. Y. (2025). The Role of the Gut Microbiota in Health, Diet, and Disease with a Focus on Obesity. Foods, 14(3). https://doi.org/10.3390/foods14030492
Martínez, J., & Rojo, F. (2011). Metabolic regulation of antibiotic resistance. FEMS Microbiology Reviews, 35, 768–789. https://doi.org/10.1111/j.1574-6976.2011.00282.x
Masselot--Joubert, L., & Renzo, M. A. D. (2025). ATP-Binding Cassette (ABC) Transporters and Antibiotic Resistance: Specialized Systems for Capsular Polysaccharide Export in Gram-Negative Pathogens. Polysaccharides, 6(2). https://doi.org/10.3390/polysaccharides6020038
Munita, J. M., & Arias, C. A. (2016). Mechanisms of Antibiotic Resistance. Microbiology Spectrum, 4(2), 10.1128/microbiolspec.VMBF-0016–2015. https://doi.org/10.1128/microbiolspec.VMBF-0016-2015
Mustafa, A. S. (2024). Whole Genome Sequencing: Applications in Clinical Bacteriology. Medical Principles and Practice, 33(3), 185–197. https://doi.org/10.1159/000538002
Nam, N. N., Do, H. D. K., Trinh, K. T. L., & Lee, N. Y. (2023). Metagenomics: An Effective Approach for Exploring Microbial Diversity and Functions. Foods, 12(11). https://doi.org/10.3390/foods12112140
Nazir, A., Nazir, A., Zuhair, V., Aman, S., Sadiq, S. U. R., Hasan, A. H., Tariq, M., Rehman, L. U., Mustapha, M. J., & Bulimbe, D. B. (2025). The Global Challenge of Antimicrobial Resistance: Mechanisms, Case Studies, and Mitigation Approaches. Health Science Reports, 8(7), e71077. https://doi.org/10.1002/hsr2.71077
Nimmana, B. K., & Nguyen, A. D. (2026). Antibiotic Resistance. In StatPearls. StatPearls Publishing. http://www.ncbi.nlm.nih.gov/books/NBK513277/
Pathak, A., Theagarajan, R., Rizqi, M. M., Nugraha, A. S., Boruah, T., Pratiksha, Kumar, H., Naik, B., Yadav, S., Jha, A. K., Trivedi, A., Gupta, A. K., & Kumar, P. (2025). AI-enabled drug and molecular discovery: Computational methods, platforms, and translational horizons. Discover Molecules, 2(1), 32. https://doi.org/10.1007/s44345-025-00037-5
Popoola, B. M., Adeyemi, O. A., & Samson, O. J. (2025). Antibiotic-resistant bacteria in tropical freshwater ecosystems: A review of occurrence, distribution and environmental implications. The Microbe, 8, 100457. https://doi.org/10.1016/j.microb.2025.100457
Punch, R., Azani, R., Ellison, C., Majury, A., Hynds, P. D., Payne, S. J., & Brown, R. S. (2025). The surveillance of antimicrobial resistance in wastewater from a one health perspective: A global scoping and temporal review (2014–2024). One Health, 21, 101139. https://doi.org/10.1016/j.onehlt.2025.101139
Ren, Y., Chakraborty, T., Doijad, S., Falgenhauer, L., Falgenhauer, J., Goesmann, A., Hauschild, A.-C., Schwengers, O., & Heider, D. (2021). Prediction of antimicrobial resistance based on whole-genome sequencing and machine learning. Bioinformatics, 38(2), 325–334. https://doi.org/10.1093/bioinformatics/btab681
Romano, K. P., & Hung, D. T. (2023). Targeting LPS biosynthesis and transport in gram-negative bacteria in the era of multi-drug resistance. Biochimica et Biophysica Acta (BBA) - Molecular Cell Research, 1870(3), 119407. https://doi.org/10.1016/j.bbamcr.2022.119407
Rumi, M., Nguyen, L., Davis, B., Brown, C., Pruden, A., & Zhang, L. (2025). Mapping the underlying drivers of resistome risk across diverse environments. https://doi.org/10.21203/rs.3.rs-7085902/v1
Salama, R. A., Abdel Kader, R. G., & Wadid, N. A. (2026). Artificial intelligence in combating challenges in antimicrobial resistance: A narrative review. Infection Prevention in Practice, 8(2), 100522. https://doi.org/10.1016/j.infpip.2026.100522
Samreen, Ahmad, I., Malak, H. A., & Abulreesh, H. H. (2021). Environmental antimicrobial resistance and its drivers: A potential threat to public health. Journal of Global Antimicrobial Resistance, 27, 101–111. https://doi.org/10.1016/j.jgar.2021.08.001
Sánchez-Corona, C. G., Gonzalez-Avila, L. U., Hernández-Cortez, C., Rojas-Vargas, J., Castro-Escarpulli, G., & Castelán-Sánchez, H. G. (2025). Impact of Heavy Metal and Resistance Genes on Antimicrobial Resistance: Ecological and Public Health Implications. Genes, 16(6), 625. https://doi.org/10.3390/genes16060625
Scheuerl, T., & Rivett, D. W. (2026). A Concept Using α‐Niche Evolution Within Bacterial Communities to Direct β‐Niche Evolution of Focal Species. Environmental Microbiology, 28(3), e70255. https://doi.org/10.1111/1462-2920.70255
Serrano, D. R., Luciano, F. C., Anaya, B. J., Ongoren, B., Kara, A., Molina, G., Ramirez, B. I., Sánchez-Guirales, S. A., Simon, J. A., Tomietto, G., Rapti, C., Ruiz, H. K., Rawat, S., Kumar, D., & Lalatsa, A. (2024). Artificial Intelligence (AI) Applications in Drug Discovery and Drug Delivery: Revolutionizing Personalized Medicine. Pharmaceutics, 16(10), 1328. https://doi.org/10.3390/pharmaceutics16101328
Shayista, H., Prasad, M. N. N., Raj, S. N., Prasad, A., Lakshmi, S., Ranjini, H. K., Manju, K., Ravikumara, Chouhan, R. S., Khohlova, O. Y., Perianova, O. V., & Baker, S. (2025). Complexity of antibiotic resistance and its impact on gut microbiota dynamics. Engineering Microbiology, 5(1), 100187. https://doi.org/10.1016/j.engmic.2024.100187
Shen, Y., Zhang, P., Luo, J., Chen, S., Gu, S., Lin, Z., & Tang, Z. (2026). Artificial Intelligence Drives Advances in Multi-Omics Analysis and Precision Medicine for Sepsis. Biomedicines, 14(2), 261. https://doi.org/10.3390/biomedicines14020261
Shokri Garjan, H., Samadi Pakchin, P., & Ferdousi, R. (2025). Computational prediction and conformation of relationships among microbes, drugs and diseases. Scientific Reports, 16, 53. https://doi.org/10.1038/s41598-025-29306-6
Shuto, H., Maeda, T., Koike, C., Takahashi, M., Mandai, M., & Matsuyama, T. (2025). Hidden Markov models reveal behavioral state dynamics in depth-related locomotion in mice. PLOS One, 20(8), e0329367. https://doi.org/10.1371/journal.pone.0329367
Sibilio, P., De Smaele, E., Paci, P., & Conte, F. (2025). Integrating multi-omics data: Methods and applications in human complex diseases. Biotechnology Reports, 48, e00938. https://doi.org/10.1016/j.btre.2025.e00938
Singh, R., & Kim, K. (2025). Environmental occurrence of antibiotic resistance, control measures and challenges in finding therapeutic management. Emerging Contaminants, 11(1), 100440. https://doi.org/10.1016/j.emcon.2024.100440
Sobral, A. F., Cunha, A., Silva, V., Gil-Martins, E., Silva, R., & Barbosa, D. J. (2024). Unveiling the Therapeutic Potential of Folate-Dependent One-Carbon Metabolism in Cancer and Neurodegeneration. International Journal of Molecular Sciences, 25(17), 9339. https://doi.org/10.3390/ijms25179339
Soufi, L., Kampouris, I. D., Lüneberg, K., Heyde, B. J., Pulami, D., Glaeser, S. P., Siebe, C., Siemens, J., Smalla, K., Grohmann, E., & Gallego, S. (2025). Wastewater-borne pollutants influenced antibiotic resistance genes and mobile genetic elements in the soil without affecting the bacterial community composition in a changing wastewater irrigation system. Journal of Hazardous Materials, 494, 138680. https://doi.org/10.1016/j.jhazmat.2025.138680
Srinak, N., Krüger, F., Kaleta, C., & Taubenheim, J. (2025). Metabolic modeling of host-microbe interactions. Computational and Structural Biotechnology Journal, 27, 4304–4319. https://doi.org/10.1016/j.csbj.2025.10.006
Sun, G., & Zhou, Y.-H. (2024). Predicting Microbiome Growth Dynamics under Environmental Perturbations. Applied Microbiology, 4(2), 948–958. https://doi.org/10.3390/applmicrobiol4020064
Sun, S. (2025). Emerging antibiotic resistance by various novel proteins/enzymes. European Journal of Clinical Microbiology & Infectious Diseases, 44(7), 1551–1566. https://doi.org/10.1007/s10096-025-05126-4
Testa, B., & Krämer, S. (2007). The Biochemistry of Drug Metabolism—An Introduction. Part 3. Reactions of Hydrolysis and Their Enzymes. Chemistry & Biodiversity, 4, 2031–2122. https://doi.org/10.1002/chin.200750268
Uddin, T. M., Chakraborty, A. J., Khusro, A., Zidan, B. R. M., Mitra, S., Emran, T. B., Dhama, K., Ripon, Md. K. H., Gajdács, M., Sahibzada, M. U. K., Hossain, Md. J., & Koirala, N. (2021). Antibiotic resistance in microbes: History, mechanisms, therapeutic strategies and future prospects. Journal of Infection and Public Health, Special Issue on Antimicrobial Resistance, 14(12), 1750–1766. https://doi.org/10.1016/j.jiph.2021.10.020
Vesel, N., Stare, E., Štefanič, P., Floccari, V. A., Mandic-Mulec, I., & Dragoš, A. (2025). Naturally competent bacteria and their genetic parasites—A battle for control over horizontal gene transfer? FEMS Microbiology Reviews, 49, fuaf035. https://doi.org/10.1093/femsre/fuaf035
Vitorino, R. (2024). Transforming Clinical Research: The Power of High-Throughput Omics Integration. Proteomes, 12(3), 25. https://doi.org/10.3390/proteomes12030025
Wang, C., & O’Connell, M. J. (2025). Autoencoders with shared and specific embeddings for multi-omics data integration. BMC Bioinformatics, 26, 214. https://doi.org/10.1186/s12859-025-06245-7
Wang, L., Gu, X., Hui, K., Yu, T., Yuan, Y., Chen, G., & Tan, W. (2025). Interactions between antibiotic resistance genes and soil environmental factors: Coupling, antagonism, and synergism. Emerging Contaminants, 11(4), 100578. https://doi.org/10.1016/j.emcon.2025.100578
Wang, M.-K., Wang, J., Wang, F.-X., Hu, X.-L., He, X.-P., James, T. D., Liu, H., & Su, J.-C. (2026). Antibacterial biomaterials: Disruption of antibiotic tolerance for resistance prevention. Coordination Chemistry Reviews, 550, 217368. https://doi.org/10.1016/j.ccr.2025.217368
Wang, Y., Zhan, F., Huang, C., & Huang, Y. (2024). GBNSS: A Method Based on Graph Neural Networks (GNNs) for Global Biological Network Similarity Search. Applied Sciences, 14(21). https://doi.org/10.3390/app14219844
Woodhams, D. C., Bletz, M. C., Becker, C. G., Bender, H. A., Buitrago-Rosas, D., Diebboll, H., Huynh, R., Kearns, P. J., Kueneman, J., Kurosawa, E., LaBumbard, B. C., Lyons, C., McNally, K., Schliep, K., Shankar, N., Tokash-Peters, A. G., Vences, M., & Whetstone, R. (2020). Host-associated microbiomes are predicted by immune system complexity and climate. Genome Biology, 21(1), 23. https://doi.org/10.1186/s13059-019-1908-8
Wu-Mo, C., Flores-González, A., Meléndez-Delgado, J., Ortiz-Gómez, V., Meléndez-González, H., & Maldonado-Hernández, R. (2026). Artificial Intelligence-Driven Discovery and Optimization of Antimicrobial Peptides Targeting ESKAPE Pathogens and Multidrug-Resistant Fungi. Microorganisms, 14(3). https://doi.org/10.3390/microorganisms14030591
Xie, M., Wang, J., Wang, F., Wang, J., Yan, Y., Feng, K., & Chen, B. (2025). A Review of Genomic, Transcriptomic, and Proteomic Applications in Edible Fungi Biology: Current Status and Future Directions. Journal of Fungi, 11(6), 422. https://doi.org/10.3390/jof11060422
Xie, Y., Lu, H., Liu, Y., Hu, G., Lian, S., Liu, J., Pang, S., Zhu, G., & Ding, X. (2025). Unveiling the Mechanisms of Bacterial Resistance and Countermeasures. Pathogens, 14(11). https://doi.org/10.3390/pathogens14111085
Yue, T., Wang, Y., Zhang, L., Gu, C., Xue, H., Wang, W., Lyu, Q., & Dun, Y. (2023). Deep Learning for Genomics: From Early Neural Nets to Modern Large Language Models. International Journal of Molecular Sciences, 24(21). https://doi.org/10.3390/ijms242115858
Zhao, A. P., Li, S., Cao, Z., Hu, P. J.-H., Wang, J., Xiang, Y., Xie, D., & Lu, X. (2024). AI for science: Predicting infectious diseases. Journal of Safety Science and Resilience, 5(2), 130–146. https://doi.org/10.1016/j.jnlssr.2024.02.002




image1.png
o Microbial
Communities

Gut microbiome

Environmental
microbiomes

- Species interactions
« Horizontal gene transfer
+ Quorum sensing

+ Metabolic exchange

Precision
antimicrobial
‘ therapy

- & 4" wfa

e Biochemical Mechanisms
of Resistance

Enzymatic

degradation
Stress. Efflux
adaptation pumps

] .\ﬁ. 2

Reduced Target
pem\eahllﬂy

‘modification
Membolm
i m\ -

+ Multiple biochemical pathways
+ Adaptive responses
+ Biofilm protection

e Multi-Omics

Data Integration

§ Genomics

“unwnl. Transcriptomics

Proteomics

Metabolomics

Metagenomics

High-quality, integrated
multi-omics datasets

Translational Applications

Drug discovery &
development

AMR surveillance &
‘monitoring

@ AModeling

& Analysis

Machine Learning

Deep Learning

Graph Neural
Networks

Bayesian Models

&
iy
A

Hybrid Al
Systems

Learn patterns, infer pathways
and predict resistance

Clinical diagnostics
& decision support

e Outputs

| Pathway

"/D’. inference

(e}

Resistance
‘ I prediction
|
\ T
| simulation
Public health
. strategies




